In recent years, mass spectrometry data analysis has become an important protein identification technique. The mass spectrometry technologies emerge as useful tools for biomarker discovery through studying protein profiles in various biological specimens. In mining mass spectrometry datasets, peak alignment is a critical issue among the preprocessing steps that affect the quality of analysis results. However, the existing peak alignment methods are sensitive to noise peaks across various mass spectrometry samples. In this paper, we proposed a novel algorithm named Two-Phase Clustering for peak Alignment (TPC-Align) to align mass spectrometry peaks across samples in the pre-processing phase. The TPC-Align algorithm sequentially considers the distribution of intensity values and the locations of mass-to-charge ratio values of peaks between samples. Moreover, TPC-Align algorithm can also report a list of significantly differential peaks between samples, which serve as the candidate biomarkers for further biological study. The proposed peak alignment method was compared to the current peak alignment approach based on one-dimension hierarchical clustering through experimental evaluations, and the results show that TPC-Align outperforms the traditional method on the real dataset.
Introduction
In recent years, the Mass Spectrometry (MS) techniques have become an important tool for investigating proteins over a wide range of molecular weights in small biological specimens (Aebersold and Mann, 2007; Chen et al., 2009 ).
For clinical proteomics, MS has been used increasingly to detect disease-related proteomic patterns as new disease markers (Davidsson and Sjogren, 2005; Drak et al., 2005) , especially in early-detection of cancer diseases (Geurts et al., 2005; Hu et al., 2005; Petricoin et al., 2002; Paradis et al., 2005; Zhang et al., 2004) . Once the cancer disease can be diagnosed and treated at an earlier stage, the survival rate of patients will be raised (Etziono et al., 2003) . The rapidly growing types of MS datasets, like MALDI (Matrix-Assisted Laser Desorption Ionization) and SELDI (Surface Enhanced Laser Desorption Ionization) -TOF (Time of Flight) datasets. The pre-processing of MS dataset plays a critical role before MS dataset analysis. However, there exist still many problems in the pre-processing step like mass spectrometry peak alignment that affects the efficacy greatly.
One of the major problems in the pre-processing of MS data analysis is how to align multiple MS datasets efficiently and correctly. In the pre-processing of MS dataset, in general, there are four sequential steps as follows (Forner et al., 2007; Prados et al., 2006; : 1) Baseline Correction: eliminating the influence of background intensity variation (Liu et al., 2003; Wagner et al., 2003) , 2) Smoothing: smoothing the baseline corrected data by using several filters such as Gaussian filter, 3) Peak Detection: searching the local maxima of smoothed intensity values to identify the detected peaks, and 4) Peak Alignment: adjusting the between-sample variance of the data and locating the peaks at the same positions on the mass-to-charge ratio (m/z) axis. In this study, we primarily focus on the peak alignment issue. For more details on the basis of peak alignment, we refer the reader to the study of . There remains challenges in peak alignment since the mass errors vary with mass-to-charge (m/z) values in a non-linear fashion even after instrument calibration with internal markers (Tibshirani et al., 2004; Torgrip et al., 2003; Yasui et al., 2006; . Tibshirani et al. (2004) aligned peaks between MS samples by using complete linkage hierarchical clustering. They proposed to cut off the dendrogram at height 0.005, and the clustering result could be guaranteed that each peak in the cluster is at most 0.005 from any other peak in that same cluster. In our experimental evaluation, our proposed method was compared to this approach which is abbreviated as HC-Align.
In this paper, we proposed a novel algorithm named Two-Phase Clustering for peak Alignment (TPC-Align) for aligning mass spectrometry peaks across samples in the pre-processing phase. The TPC-Align method consists of two clustering phases: 1) Intensity Clustering Phase and 2) Mass-to-Charge Ratio (M/Z) Clustering Phase. The main flow of TPC-Align algorithm is to sequentially consider the distribution of intensity values of peaks and the locations of mass-to-charge ratio values of peaks across samples. Moreover, TPC-Align algorithm can also report a list of significantly differential peaks across samples which may serve as the candidate biomarkers for further biological study. We have experimentally evaluated the performance of the proposed TPC-Align algorithm by comparing with the HC-Align method (Tibshirani et al., 2004) on the real datasets of ovarian cancer provided by National Cancer Institute (NCI) (Conrads et al., 2004) . The experimental results show that TPC-Align outperform HC-Align in terms of peak alignment quality.
The remainders of this paper are organized as follows. In Section 2, we give a brief review of related work. The proposed method is described in details in Section 3. Section 4 gives the experimental results, and the concluding remarks are made in Section 5.
Related work

Biomarker discovery
Prediction or classification of human diseases is an important research topic in medical research, especially in early detection of cancer diseases (Geurts et al., 2005; Hu et al., 2005; Petricoin et al., 2002; Paradis et al., 2005; Zhang et al., 2004) . If the cancer disease can be diagnosed and treated at an earlier stage, the survival rate of patient will be increased (Etziono et al., 2003) . Petricoin et al. used the Genetic Algorithm and Self-Organizing Clustering in n-Space to find the biomarker peaks of patients and normal people (Petricoin et al., 2002) . It used the MS dataset as the training set to build the classification model. Then, the testing data set was used to measure the efficacy of the built classification model. Around 95% of accuracy was reported by applying this method on ovarian cancer; hence, mass spectrometry analysis has become an important research topic hereafter. Wagner et al. used K-Nearest Neighbor and Support Vector Machine as the classifiers and applied cross-validation on the classification problem (Wagner et al., 2003) . Afterward, Hu et al. used Artificial Neural Network and Discriminate Analysis methods to discover the biomarker for the classification model from the bladder cancer data (Hu et al., 2005) . Around 89% accuracy was reached when leave-one-out cross-validation method was used to test the classified efficacy. Ressom et al. used Particle Swarm Optimization to find the optimal differential m/z duration between patients and normal people. Next, the optimal differential m/z duration was used as the main feature for applying Support Vector Machines to build the classifier (Ressom et al., 2005) . In the experimental evaluation that compared the classified efficacy with K-Nearest Neighbor and linear discriminate analysis, the Particle Swarm Optimization Support Vector Machines method reached 93% classification accuracy.
There exists also a number of other related researches, like various kinds of computational methods for disease classification (Geurts et al., 2005) or discovery of cancer biomarkers (Zhang et al., 2004) . Despite of the rich literatures as mentioned above, there still many problems exist in the preprocessing steps, like mass spectrometry peak Alignment that will influence the efficacy of analysis.
Peak Alignment
Aligning the peaks across datasets is one of the most difficult problems in preprocessing stage of mass spectrometry analysis. The primary aim of peak alignment is to classify the detected peaks across different data samples into common peaks. In general, there might be two possible meanings for each detected peak. A peak in a mass-to-charge ratio represents single peptide or the share with some peptides. In fact, there may exist some factors with nonlinear influence on variation of mass-to-charge ratio of mass spectrometry data, e.g., sample preparation, the chemical noise in mass spectrometry, the sediment on the target samples, and the location of laser irradiate on target. With these factors considered together, peak alignment becomes a difficult problem.
Some methods were proposed in recent years for solving the peak alignment problem (Prados et al., 2004; Tibshirani et al., 2004; Torgrip et al., 2003; . Yasui et al. proposed the viewpoint that the displacement on the mass-to-charge ratio axis in mass spectrometry data is in the duration between ±0.1% to ±0.2%. Therefore, they align the peak in the distance of ±0.2% . Meanwhile, Yasui et al. further extended this viewpoint by defining each detected peak as a center and using a sliding window with size ±0.2% to count the number of peaks existing in each center. If one sliding window contains the maximum number of peaks, the center peak is defined as the common peak for the peaks in this window. This process is repeated until each peak has been included . Figure 1 illustrates the concept of this approach. After each common peak has been defined, the sample numbers of cancer disease patient and normal people are considered to measure the discriminate power for building the classifier. However, it's difficult to find a suitable common sliding window size apply on each data. Besides, a wrong sliding window size will cause the serious alignment mistake. Moreover, this method is sensitive to noise peaks across various mass spectrometry samples. Tibshirani et al. used complete-linkage hierarchical clustering method to align the mass spectrometry datasets (Tibshirani et al., 2004) . This method was later considered as a base by other approaches for comparisons of the classification accuracy. They used log(m/z) to measure the distance between peaks. The main concept of this method is that some peaks in a dense cluster should be the same peak in biological meaning although they have measured displacement. The center of an aggregative cluster will be assigned as the common peak for the peaks in this cluster. Later, Prados et al. embedded some biological constraints into the above method as an extended study (Prados et al., 2004) . It also uses the complete-linkage hierarchical clustering method to align the mass spectrometry datasets.
The Proposed Method
In this paper, we proposed a novel Two-Phase Clustering approach for peak Alignment algorithm, namely TPC-Align, to align mass spectrometry peaks across samples in the preprocessing phase. The TPC-Align algorithm sequentially considers the distribution of intensity values of peaks and the locations of mass-to-charge ratio values of peaks across samples. Moreover, our peak alignment algorithm also provides a list of differential peaks which are not aligned very well.
Problem Definition
Suppose we have n MS samples, U = {M . Note that the number of peaks in these samples may not necessarily be identical. For each detected peak P i in these samples, P i (L), P i (m/z), and P i (I) represent the sample label, mass-tocharge ratio, and signal intensity of P i , respectively. The MS sample M k consists of a series of detected peaks which are sorted by its m/z value, i.e. M k =<P 1 , P 2 , …, P Sk >, where P i (m/z)≦P i+1 (m/z) (1≦i≦S k -1).
The goal of the proposed TPC-Align algorithm is to find the peak cluster set, V={PC 1 , PC 2 ,…, PC c }. Note that the number c of peak clusters is not userdefined. Each aligned peak cluster, PC j (1≦ j ≦c) , is a set of aligned peaks and represents a local aligned result. In other words, selecting any peak pair (P x , P y ) from PC j , we can identify that peak P x in sample P x (L) which is mapped to peak P y in another sample P y (L).
Peak Alignment Method: TPC-Align
The TPC-Align algorithm consists of two clustering phases: 1) Intensity Hierarchical Clustering Phase and 2) Mass-to-Charge Ratio (M/Z) Hierarchical Clustering Phase. Since the density of peaks projected on the m/z dimension is higher than the intensity dimension, in the TPC-Align, the priority of intensity is higher than the priority of m/z. The outputs of TPC-Align are the aligned peak clusters and the differential peaks across samples. In the following parts, we will describe in detail.
Intensity Hierarchical Clustering Phase
First, the goal of intensity hierarchical clustering phase is to detect the potential differential peaks by using a weighted distance metric to group the peaks. The weighted Euclidean distance (Formula (1)) is defined to measure the similarity degree between two peaks. Given two peaks P x and P y , let dist int (P x , P y ) be the distance between these two peaks:
where w 1 and w 2 are the weighted factors corresponding to the m/z difference and intensity difference, respectively. In this study, the weighted factors w 1 and w 2 are equal to 0.3 and 0.7, respectively. Furthermore, the distance measurement between two peak cluster PC x and PC y was defined as follows:
where P i PC x and P j PC y . In other words, we use the maximum distance between PC x and PC y to be the distance between peak clusters. The inputs for this phase are the set P all of all W detected peaks and a distance threshold α of height. The output is the potential differential peak set D potential . The sequential steps in this phase are stated as follows:
Step 1: Each detected peak is initially set as a peak cluster, and we calculate the proximity matrix of all peak clusters based on the distance measurement in Formula (2).
Step 2: Find the minimum distance in the proximity matrix. If the minimum distance between PC x and PC y is smaller than the threshold α, then the PC x and PC y are merged to be a new peak cluster. Otherwise, we go to Step 4. In this study, the threshold α is defined as Step 3: Update the proximity for all current peak clusters, and repeat
Step 2.
Step 4: We get the peak cluster set V int ={PC 1 , PC 2 , …, PC g } where g is the number of peak clusters.
Step 5: Count the frequency of the size of peak clusters, and find the median of these frequency values to be a threshold γ. Notice that the number of mode may be larger than one, and the maximum mode value will be used.
Step 6: For each peak cluster in V int , the peaks in the peak cluster with small size, i.e. the number of peaks in the cluster is smaller than threshold γ, are inserted into a potential differential peak set D potential .
Step 7: Return the potential differential peak set D potential .
M/Z Hierarchical Clustering Phase
In this phase, the complete linkage hierarchical clustering algorithm is applied to these peak clusters, likes in previous phase, where the similarity metric only considers m/z value of peaks between two peak clusters. Given two peaks P x and P y , let the m/z difference be the distance between these two peaks. The distance measure is defined as follows:
And, the distance between two peak cluster PC x and PC y is defined as follows:
where P i PC x and P j PC y .
The inputs for this phase are the set P all of all W detected peaks, a similarity threshold β, and the potential differential peak set D potential . The final outputs are the aligned peak cluster set V align and the differential peak cluster set D align . The sequential steps of this phase are stated as follows:
Step 1: Each detected peak is also initially set as a peak cluster, and we calculate the proximity matrix of all peak clusters based on the Formula (4). Step 2.1: The case of that, the peaks in both PC x and PC y are in D potential , means that the pair of peaks between PC x and PC y has similar m/z value, but the difference of intensity values is large. So, these peaks are the significant differential peaks between samples. We merge PC x and PC y to be a new differential peak (DP) cluster DP, and add this DP into the differential peak cluster set D align .
Step 2.2: The case of that, the peaks in only one of PC x and PC y (e.g. PC x ) are in the D potential , means these peaks are close to the aligned peak cluster (e.g. PC y ). Therefore, the peaks in PC x are inserted into PC y and we remove the peaks in PC x from the D potential .
Step 3: Update the proximity for all current peak clusters, and repeat
Step 4: Return the final aligned peak cluster set V align ={PC 1 , PC 2 ,…,PC f }, which f is the number of peak clusters, and the differential peak cluster set D align .
Illustrative Example
Figure 2 illustrates a simple example to align two MS datasets, namely L1 and L2 samples noted as M L1 =<P 1 , P 2 , P 3 , P 4 > and M L2 =<P 5 , P 6 , P 7 , P 8 , P 9 >, respectively. The inputs of the proposed TPC-Align algorithm are the set of all detected peaks, i.e. P all ={P 1 , P 2 , P 3 , P 4 , P 5 , P 6 , P 7 , P 8 , P 9 }, and two distance threshold values, α and β. First, in the intensity hierarchical clustering phase, the peaks are sequentially grouped by using the distance metric in the Formula (2). For example, the V int = {PC 1 , PC 2 , PC 3 , {P 3 }, {P 6 }, {P 8 }} is the set of aligned peak clusters in this phase, and the median of frequencies of cluster size values equals to 2. The size values of these aligned peak clusters, {P 3 }, {P 6 }, {P 8 }, are all smaller than 2. So, these peaks are inserted into the potential differential peak (DP) set D potential . The results of this phase are the aligned peak cluster set V int = {PC 1 , PC 2 , PC 3 , {P 3 }, {P 6 }, {P 8 }} and the potential differential peak set D potential ={P 3 , P 6 , P 8 }, where PC 1 ={P 1 , P 5 }, PC 2 ={P 2 , P 7 }, PC 3 ={P 4 , P 9 }.
Next, the P all and D potential are applied to the second m/z hierarchical clustering phase. The peak clusters PC 1 , PC 2 , and PC 3 are also be reported in this phase, like the results in first phase. It means that the peaks in each of these three aligned peak clusters are truly aligned between L1 and L2 MS samples. P 3 and P 8 are the potential differential peaks in D potential . However, in this phase, we find the two peaks have similar m/z values. So, P 3 and P 8 are grouped as a differential peak cluster, and this new cluster is inserted into the final differential peak cluster set D align . Finally, the results in this example are the aligned peak cluster set V align ={PC 1 , PC 2 , PC 3 } and the differential peak cluster set D align ={{P 6 },{P 3 , P 8 }}. 
Experimental Evaluation
In order to evaluate the performance of the proposed TPC-Align method, the real MS dataset of ovarian cancer provided by National Cancer Institute (NCI) (Conrads et al., 2004) was used to compare with a current peak alignment method, HC-Align, based on hierarchical clustering (Tibshirani et al., 2004) . This publicly available dataset is available at http://home.ccr.cancer.gov/ncifdaproteomics/ppatterns.asp. There are 216 serum samples in this dataset, 95 of which are healthy and 121 with ovarian cancer. The datasets were collected using a Qstar mass spectrometer, which combines a quadrupole ion source with a TOF ion detector. The basic structure of the data is similar to that produced by a MALDI-TOF instrument. Following Conrads et al. (2004) , we randomly selected 40 MS datasets from the 121 ovarian cancer samples. Therefore, the threshold α in the intensity hierarchical clustering phase is defined as
. We observed that the m/z range from 6,500 to 10,000 Da in each of these 40 selected samples has many significant peaks. Figure 3 shows one of the selected samples. So, we only consider the detected peaks in this m/z range for each selected MS sample. Figure 4 shows the number of detected peaks range from 6,500 to 10,000 Da in each of the 40 selected MS datasets, and the average number of detected peaks is 852. Figure 5 shows the distribution of all detected peaks from 40 selected datasets where the range of m/z location is from 6,500 to 10,000 Da. In this distribution of peaks, we can observe that most of peaks are concentrated in the center of m/z location range and the differential peaks are located on both sides of this range.
In real data evaluation, as the ground truth of the peak alignment results is unknown, we can use the average distance as the criterion to determine the quality of peak alignment. Given a peak alignment result V align = {PC 1 , PC 2 , …, PC k } with k aligned peak clusters, the common peak (CP) in each aligned peak cluster PC i is defined as the peak with the middle m/z value in PC i . So, we can determine k common peaks, CP set ={CP 1 , CP 2 , …, CP k }, for the peak alignment result V align . The average distance of a peak alignment V align is defined as follows:
where CP set is the set of the common peaks. A smaller average distance indicates a better alignment. Figure 6 shows the average distance values at different common peak numbers which are determined by increasing the height threshold β from 0.0004 to 0.0128. The average distance values of the proposed TPC-Align method are all smaller than the results of HC-Align approach. Furthermore, the numbers of aligned peak clusters at different height threshold β values range from 0.0004 to 0.0128 are illustrated in Figure 7 . The reason that the results of TPC-Align have smaller size of aligned peak clusters is that TPC-Align method can report a list of differential peaks, but these peaks cannot be detected in HC-Align method. And the number of differential peaks is shown in Figure 8 . Figure 9 shows the difference between HC-Align and TPC-Align in terms of "average distance to common peak" under the same cluster number. When the number of common peaks is increased and the height will be decreased. Therefore, the average distance to the common peak will decrease. The difference on "average distance to common peak" between HC-Align and TPCAlign will decrease. Owning to some of peaks will be defined as noise and named potential differential peaks number depend on the TPC-Align method. Accordingly, our method can more robust against noise and find more similar peak cluster. 
Conclusions
In this paper, we proposed a novel algorithm named TPC-Align (Two-Phase Clustering approach for peak Alignment) to align the peaks across multiple MS samples. TPC-Align method consists of two clustering phases: 1) Intensity Hierarchical Clustering Phase and 2) Mass-to-Charge Ratio (M/Z) Hierarchical Clustering Phase. The main concept of the proposed method is to sequentially consider the distribution of intensity values and the locations of mass-to-charge ratio values of peaks across samples. In experimental evaluation, the real MS datasets of ovarian cancer provided by National Cancer Institute (NCI) were used to test the performance. Compared to the current peak alignment approach based on one-dimension hierarchical clustering (HC-Align), the proposed TPC-Align method is more robust against noise (or differential peak). In particular, TPCAlign method also reports a list of differential peaks, which serve as candidate biomarkers for further biological study.
For future work, we will work on further improvement on the proposed approach in terms such as the selection of parameters and reduction of execution time, which are critical issues in improving the quality of peak alignment. Furthermore, we shall investigate more sophisticated ways for further improving the accuracy of peak alignment.
